Opioid overdose rates have reached an epidemic level and state-level policy innovations have followed suit in an effort to prevent overdose deaths. State-level drug law is a set of policies that may reinforce or undermine each other, and analysts have a limited set of tools for handling the policy collinearity using statistical methods. This paper uses a machine learning method called hierarchical clustering to empirically generate "policy bundles" by grouping states with similar sets of policies in force at a given time together for analysis in a 50-state, 10-year interrupted time series regression with drug overdose deaths as the dependent variable. Policy clusters were generated from 138 binomial variables observed by state and year from the Prescription Drug Abuse Policy System. Clustering reduced the policies to a set of 10 bundles. The approach allows for ranking of the relative effect of different bundles and is a tool to recommend those most likely to succeed. This study shows that a set of policies balancing Medication Assisted Treatment, Naloxone Access, Good Samaritan Laws, Medication Assisted Treatment, Prescription Drug Monitoring Programs and legalization of medical marijuana leads to a reduced number of overdose deaths, but not until its second year in force.
Introduction
Between 1999 and 2017, the total number of opioid related deaths in the U.S. increased more than 509 percent (N. C. for I. P. and C. Centers for Disease Control and Prevention, 2018) . In an effort to slow the "epidemic level" rise in mortality rates, law makers have developed a myriad of policies targeting prevention, treatment and judicial consequences.
Since 1999, Legal Science (2018) has cataloged state-level drug policies into the Prescription Drug Abuse Policy System (PDAPS) across 50 states. PDAPS codes specific laws in force in a state as a policy and this paper uses this same narrow definition of policy. Between 2000 and 2016 there has been a 2092 percent increase in state-level drug-related policy changes (i.e. implementing or repealing a policy). The opioid epidemic has impacted states at varying times and to varying degrees resulting in segmented policies with variation from state to state. As of 2016, each state had an average number of 33.25 policies targeting the reduction of opioid-related deaths. While federal drug policy still reflects a heavy focus on criminalization, these state-level policies focus on a wide range of topics, from marijuana legalization, to mandatory sentencing for opioid distribution.
With this much variation in the policy system, decisionmakers are reasonably challenged to understand which policy, or combination of policies, to implement to minimize drug overdose deaths. With more than 145 policies nationwide there are 8.0479261 × 10 251 unique policy combinations to select from. The comparative policy analysis (CPA) literature has attempted to address this complex environment, but existing methods are inadequate to prioritize policies in such a rapidly changing environment. Qualitative CPA methods are limited in their ability to generalize, while quantitative CPA studies must limit their investigation to only one or a small sub-set of policies to allow for statistical testing, eliminating the ability to prioritize. This paper identifies and explicitly estimates the relative effect of policy clusters composed of sets of policies implemented together in states over time. It utilizes an existing data set (PDAPS), a well-founded methodology drawn from quantitative CPA, and a new algorithm to assess and prioritize the policy interventions employed in the recent history of state-level drug policy intervention. We hypothesize that sets of policies, generated empirically using hierarchical clustering based on the time and place they were implemented together, will change the drug overdose death rate. We will test this hypothesis using a cross-sectional, interrupted time-series analytical approach. This approach blends work from the qualitative CPA discipline with quantitative approaches.
Background
The N. C. for I. P. and C. Centers for Disease Control and Prevention (2018) calls the current opioid overdose crisis an epidemic. Opioids are the leading cause of death for people under the age of 50, and about 130 Americans die every day from an opioid overdose. The CDC has identified three "waves" of drug overdose deaths: increased prescription of opioids in the 1990s with deaths increasing since at least 1999 at a steady rate, the growth of heroin starting in about 2010, and the sudden climb in deaths caused by synthetic opioids such as Fentanyl starting around 2013.
Specific policy approaches have developed to address each wave and state-level innovations have reacted with rapid growth and massive churn in state-level policy since 2000, as shown in Figure 1 . These innovations include the development of Prescription Drug Monitoring Programs (PDMP) to address patient-specific prescribing behavior, and policies to address the rising death rate attributed to heroin and Fentanyl through Naloxone Access Laws (NAL) and Good Samaritan Laws (GSL), which both aim to respond to actual overdoses and prevent deaths. Each policy addresses different causal issues associated with drug overdose. PDMP increases scrutiny on the supply of opiates, typically by creating a registry to track prescriptions. NAL improves access to medication that reverse active opioid overdoses, and GSL reduces the risk for persons reporting a drug overdose (who might otherwise be arrested for engaging in a criminal act like consuming opiates with the person experiencing an overdose). Haegerich, Paulozzi, Manns, & Jones (2014) found that there is very limited reliable data about drug policy effectiveness, noting that "the quality of evidence for the impact of state legislation on provider behavior, patient behavior, and health outcomes is low," and that without improvements and studies of effectiveness, states, regulatory agencies, and organizations will be unable to make informed decisions.
In response to this innovation in drug policymaking, a number of studies have been conducted to understand which policies work to reduce drug overdose deaths, and the context around it. Several authors have attempted studies that either articulate every minimal difference in laws (as passed), often leading to a narrow qualitative case study approach (see Ritter, Livingston, Chalmers, Berends, & Reuter, 2016 for several) . The literature on these qualitative case studies often does not generalize, but can help answer questions about the policy implementation and hypothesize the conditions that facilitated or blocked success (Ritter et al., 2016) . Other authors have attempted to find more precise and generalizable estimates of overall effect using quantitative methods, or mixed-methods that utilize qualitatively defined "sets" of policies (e.g. Blackman, Wistow, & Byrne, 2013; Devers, Lallemand, Burton, Zuckerman, & Authors, 2016; and Pardo, 2017) . Policies that are identified and used in quantitative papers often rely on a summative index score, potentially derived from empirical methods, data-driven policy coding (such as the data set produced by Legal Science), differences based on geography (Keele & Titiunik, 2015) , or described policy differences that can be coded for analysis. These approaches typically rely on a variety of statistical methods (Ritter et al., 2016) .
Each policy implemented in a state has specific details distinguishing it from other policies that are critical for comparing effectiveness. These differences are often ignored or treated minimally by controlling for the jurisdiction as the intervention, or all of the policies within a jurisdiction, leading to "a hazy definition of policy that leads to confusion in the specification and measurement of the phenomena being studied" (Burris, 2017) . Burris (2017) propose "the use of transparent, reliable method to produce detailed observations of the apparent characteristics of policy that can be used in evaluation research." An individual policy does not define the entire legal environment that might affect outcomes. As an illustration, studying NAL in isolation will miss the critical importance of GSL as an enabler. GSLs address the problem that individuals can be arrested for illegal possession and use of opioids if they call 911 for a friend experiencing an overdose, thus disincentivizing a person from calling for help, where Naloxone might be distributed broadly (i.e. first responders).
Finally, in both qualitative and quantitative methods, there is often a lack of theory applied to analysis. Baptist, Carrie & Befani, Barbara (2015) note that theory is a critical tool for triangulating findings, or making theory-based qualitative evaluations, and is a critical ingredient in so-called set-based methods for classifying data into groups for analysis. In quantitative methods, a strong theory of change is critical to understand the parameters of the analysis, as well as identify a spurious finding. A theory of change also guides the scientific questions asked over the course of the study (Burris et al., 2010) .
Methods
CPA is a broadly defined discipline for theory-driven comparisons of policy effectiveness. It has no singular set of methodological tools but utilizes the most appropriate analytical method for the policy under assessment. In all cases, CPA aims to explain the relationship between policies and their effects (Ritter et al., 2016) . Necessarily, this includes a specified outcome and a given policy, studied over two or more jurisdictions. In Table 1 the characteristics of this study are described using Ritter et al. (2016) 's framework.
Our specification follows from Burris et al. (2010) , which frames the role of public health law on health outcomes.Laws, which are "interventional," "infrastructural," or "incidental" change legal practice, which affects both changes in behavior directly, and changes in environment that indirectly lead to additional changes in behavior. These changes in environment and behavior yield changes in population health. In this case, viewing drug overdose deaths as a public health problem suggests that all corresponding changes in legal practice will affect the drug overdose rate, including changes in drug enforcement (interventional), the addition of new infrastructure to support drug enforcement (infrastructural), or policies that affect health as a secondary feature (incidental). Figure 2 shows the theoretical model from Burris et al. (2010) modified to represent this study. We are directly modeling sets of laws, changes in environments (through a set of control variables), and the outcome (drug overdose deaths), i.e. B-C-D-E. We expect laws that reduce drug overdose deaths through environmental changes that also affect behavioral changes to reduce drug overdoses the most. However, many environmental changes could yield a behavior change that has a mitigating effect. For example NALs aim to reduce drug overdose deaths by access to Naloxone for people experiencing an opioid related drug overdose. One potential unintended consequence may be that this environmental change could increase drug use, and overdoses if the population believes an overdose can be easily counteracted. We specify our policies using categorical classifications of individual policies that are not mutually exclusive, and are often implemented within a system of policies that are both complementary and conflicting. Those specifications are converted into bundles based on the states that implemented them at the same time. As an example, if policy one and policy two are implemented in states x and y in the same years, but policy three is only implemented in state z in a different year, then there are two bundles, one for policies one and two, and one for policy three.
This paper uses a time-series, cross-sectional method with an interrupted time-series design as described by Bernal, Cummins, & Gasparrini (2017) to estimate the effect of policy bundles on drug overdose deaths. The intervention (intervention) is configured as a mutually exclusive dummy variable, with panel data of states (s) over time (t). Using a fixed-effects regression (segmentation), where time-invariant factors of each observation (s) are controlled using a dummy for the unit of analysis (i.e. state-years). Correlation and temporal order are necessary to establish causality, so the policy clusters are lagged by one year. Equation (1) shows a general interrupted time-series design using panel data and an intervention.
In this case, the "intervention" is the policy bundle in force within a given state. Drawing from Burris et al. (2010) , this paper includes a set of sociodemographic and environmental factors as controls. Because drug overdoses deaths are a count variable, highly dependent on population, the value is log transformed and normalize by population in a Poisson regression as shown in Equation (2).
Variables for the equation are drawn from a variety of publicly-available, state-level datasets and the policyCluster variable is constructed for this analysis from the PDAPS datasets. Although policy and overdose data are available from 1999 forward, data analysis is limited to 2006 -2016 when most of the opioid-related policy changes started. Table 2 shows summary information about each variable. to "No" to represent the truth of fact that those nested-laws were also not implemented. Figure 4 displays the distribution of starting time of laws to demonstrate that although the first implemented state law for drug abuse can be traced back to 1974, most laws (more than 90 percent) were implemented after 2006. Therefore, even though WONDER provides data for opioid overdose death from 1999 to 2016, this paper focuses on the effects of drug laws on opioid overdose death rate from 2006 to 2016. Figure 5 shows a summary of the policy data for a selection of states. It summarizes the data into "policy groups" from PDAPS, which are sets of policies addressing a certain policy area (e.g. NAL). These groups are different from the clusters to be used in this analysis. This shows the range of implementation, comparing a low-population state like Wyoming and a high-population state like California, or a state struggling with extremely high overdose death rates like Ohio. Darker colors indicate that the state has implemented closer to 100 percent of the policies within the group.
A common approach to utilize PDAPS data is to select a small-set of binary variables as explanatory variables for fitting a (Poisson) regression model to determine if the implemented laws are associated with changes in opioid-related overdose deaths, (e.g. Bachhuber, Saloner, Cunningham, & Barry, 2014; Patrick, Fry, Jones, & Buntin, 2016; Rees, Sabia, Argys, Latshaw, & Dave, 2017) . However, as noted by Pardo (2017) and Fink et al. (2018) , this approach may face problems of multicollinearity, inadequate adjustment for competing laws, and subjectivity in variable selection, all of which increase the risk of bias for studies. To avoid multicollinearity problems, Pardo (2017) created a score function to summarize prescription drug monitoring programs; however, this approach is still subjective in assigning different weights to administrative laws (Fink et al., 2018) and, perhaps more importantly, it loses the information of the effects on specific laws.
Several machine learning techniques were considered for reducing the dimension of PDAPS data to a readable level without losing much information, but most of them have shortcomings. Unsupervised learning methods (e.g., Principal Component Analysis (PCA) or Sparse PCA) were used to create clusters of laws, but the meaning of those clusters was difficult to interpret.
For example, what does it mean for a linear combination of several prescriptions drug abuse related laws? A regression using a regularization technique, i.e., Lasso regression, was also tested for selecting a subset of important explanatory variables for opioid overdose death rate. However, neither fitting a Lasso regression using laws from all 16 data sets in PDAPS nor fitting several Lasso regressions only using the laws in each data set can efficiently reduce dimensionality. This may indicate that the sparsity assumption in Lasso regression (only a small number of laws may actually be relevant to the opioid overdose deaths) is violated.
This paper creates policy bundles using hierarchical clustering on state and year direction of the data. Instead of clustering on laws, this approach clusters the state-years with similar laws implemented. After a suitable number of feature clusters are extracted, the corresponding feature cluster for each state and year data can be identified. Then, those cluster features will be treated as explanatory variables to estimate the association between laws and opioidrelated overdose deaths. The two main advantages of the proposed approach are as follows: First, feature clusters were created without sub-setting or combining any laws, increasing the ability to explain feature clusters. Second, this data-driven approach avoids the subjective bias seen frequently in the literature for selecting a particular subset of laws or assigning weights to laws.
To perform hierarchical clustering on PDAPS data, several cleaning steps data were required. To facilitate eventual combination with overdose death rates (which are reported by year and state), the PDAPS data needed to be re-structured from the specific dates that the law was put into effect and repealed to "years in force". The effective date and valid through date for each state-law in PDAPS is used to identify the year for this study. If a particular state-law was implemented more than six months within a year, the law was treated as "in effect" for that year. Second, all laws in a binary variable form in PDAPS were selected except four policies with missing data and three laws without variation across the United States from 2006 to 2016, which results in 138 binary variables in total. Table 3 shows the policies removed from consideration. Then, the distance matrix was calculated using Gower distance (Gower, 1971) , and the hierarchical clustering was performed with complete linkage (Maechler, Rousseeuw, Struyf, Hubert, & Hornik, 2018) . Finally, 10 feature clusters were selected based on the result of elbow method. The elbow method recommends thresholds for the number of clusters based on a decrease in the slope of the explainability of the clustering model for each threshold (Zambelli, 2016) . Figure 6 shows the elbow plot used for the decision. Because four clusters is the first major change in slope, and at 20, there is highly diminishing 
Other Variables
Several time-varying demographic measures (confounding factors) are also considered, including Gini index, median household income, and opioid prescribing rate by state and year, and proportion of adults aged more than 25 years by state, year, and gender, where GINI index and household income were obtained from American Community Survey (ACS) in United State Census Bureau, prescribing rate was measured by Legal Science, LLC, and proportion of adults was derived from 1-year ACS data and estimated using table of age and sex in ACS five-year Estimates for each year, state, and gender. These variables are often suggested as relevant variables for opioid overdose death rate in literature (see for example Bachhuber et al., 2014; Pardo, 2017; Rees et al., 2017) . 
Results
The clustering into 10 clusters generated a data set that was used in the regression. As mentioned, each cluster contains several state-year data across 138 law variables. These policies are grouped in PDAPS by Legal Science (2018) and we call those groups "Policy Groups" for this analysis. As a summary of the clusters, Figure 7 shows the relative effect of each policy group on the cluster definitions. Because of the limited space, the figure only shows the corresponding name of topic area for each law. The list of full policy questions in the figure can be found in the online appendix 8 . Using the figure, the key features of the 10 clusters and the number of observation (state and years) in each cluster are summarized in Table 4 . More detailed plots, showing each policy group's full set of policies are available in the online appendix 9 .
The results shown in table 5 allow us to reject the null hypothesis that the policy cluster do not affect drug overdose deaths. The fixed effects model (Y ear and State) shows that 9 Similar to cluster 5, but with less focus on PDMP, and adding recreational marijuana laws. 7 20 Similar to cluster 6, bit no recreational marijuana laws and generally fewer laws. 8 11 Similar to cluster 7, but adding more laws from Medical Marijuana, prescribing guidelines, and direct dispensing. 9 9 Heavily focused on GSL, PDMP, NAL, Medical Marijuana and MAT. 10 20 Similar to cluster 9, but lower focus on GSL, PDMP, and NAL, with a heavier focus on Medical Marijuana.
there is a statistical effect from including the policy clusters. Specifically, the log-likelihood of the model improves and the Aikake Information Criterion (AIC) decreases indicating better predictiveness without sacrificing efficiency. Because of the fixed effects, the table only shows the relative difference between clusters two to 10 and cluster one. The results omit the State and Year coefficients for simplicity. The effect of Gender does not change from model to model, but the effect of P rescribing.Rate is shown to be inefficient and biased (changing coefficient direction and becoming insignificant). Gini is moderated and Income is slightly moderated (recalling that Income has been scaled to the thousands). Clusters five, seven, and 10 all show an increased number of overdose deaths when implemented, compared to cluster 1.
The impact of a policy is possibly diffused or distributed over multiple years. To consider the sensitivity of the model, different time lags are included to show a policy's impact over time. In order to save space, Table 5 omits the additional lag values after the causal lag (1 year), depending on the model used. In the model with just a two year lag, the AIC and log likelihood worsen, suggesting that the immediate effect is important to capture. Model three shows a five-year dissipating impact, and has the largest reduction in AIC. Figure 8 shows the relative impacts of the different results visually, allowing for comparison of the policies as a collection. It is estimated by generating a synthetic data set holding all factors equal and varying only the cluster. The figure shows that differences between clusters are sometimes minimally consequential. However, the difference between the best performing cluster (cluster nine) and the worst performing (cluster 10) is significant (confidence intervals do not overlap) and substantial (approximately a 30% decrease).
The impact of the difference in effectiveness in policy for a specific state, like Washington, is substantial. Assuming a change in the year 2010, Figure 9 shows the potential change in trajectory for both the single lag and the dissipating models for a world where cluster nine policies are implemented ("simulated") vs. not ("real-world"). The simulated results show an immediate interruption for the one-year lag model and a one-year delayed impact in the five-year dissipating model (illustrating the "interrupted time-series design"). The figure also shows the complex interactions between environmental factors and policy change outcomes for the different genders. The differences for men are larger than for women. The figure compares the predicted change in Washington of the policies with the multiyear shock model, and the effect is slightly larger, but also delayed compared to a single lag. with the multiyear model, but model performance increases substantially, suggesting that this is a more reliable prediction.
To rule out selection bias from our selection of the number of clusters, Table 6 compares the effects of different numbers of clusters. The 20 cluster model has the highest model performance, but as discussed above, is somewhat more complicated to explain. 
Discussion
This study shows policy is an important variable in the comparative state analysis of drug overdose deaths and hierarchical clustering can illustrate the relative impact of policies on the change in drug overdose deaths. Hierarchical clusters use empirical, and reproducible methods to segment individual policies that are highly correlated into bundles, and those policy bundles can have a highly differentiated effect. The sensitivity analysis suggests there are major challenges in selecting the "correct" number of clusters, and also that policy has a changing effect over time.
This changing effect over time fits an assumption where behavior adapts to new policies and the policy impacts are eventually muted. This learning process necessitates continual innovation in policy to show continued growth. As an illustration of this learning, Figure  10 shows the relative effect of policy bundle nine from the 10 policy bundle over five years. In this case, the initial neutral effect in the first year ultimately leads to a reduction in drug overdoses in years two and 3, with a neutral impact thereafter. Controlling for time reduces the likelihood that this pattern is simply the long term trend toward increased opioid overdose deaths.
Based on these results, policy bundle nine has the largest effect. There are 18 state-years matching that bundle (California and New Mexico, ranging from 2011-2015) . Of those factor(cluster.lag1)9 factor(cluster.lag2)9 factor(cluster.lag3)9 factor(cluster.lag4)9 factor(cluster.lag5)9
Cluster Coefficient of effect state-years, there are 74 total policies in force, with 30 implemented in all state-years. Table  7 shows the policies that were in place in all states for cluster nine (30 policies). This cluster is dominated by GSL, PDMP, NAL, MAT, and Medical Marijuana policies. There is balance in the legalization, treatment, and protection from prosecution, with heavy emphasis on access to medical marijuana. Ritter et al. (2016) . Figure 11 shows a simple analysis showing some of these states.
Limitations
This study and approach produced new insight into the effectiveness of the policy system, illustrating how policies can be complementary and supportive or contradictory and destructive at reducing drug overdose deaths. There are limitations that should be addressed for future research into both the conclusions of the study and the clustering approach used to generate policy bundles.
Future research should address the specific cause of death more directly as an outcome and the effect of policy bundles on those death rates to provide more detailed information to policymakers. While opioid overdose is the leading cause of drug overdose deaths, other drug overdose deaths are incorporated in this publicly-available dataset. The policies in this case are not limited to just opioid overdoses, but primarily focus on those policies. Future research using more detailed data, some of which might not be publicly available would improve those results.
This study also fails to directly model an important predictor of drug overdoses as an independent variable: drug use (a behavior change). NSDUH data would be a useful source for the relationship between policy and drug use, but handling the aggregation of that data for state-level analysis is a challenge beyond the scope of this paper.
While hierarchical clustering substantially reduced the complexity of the data set (from 138 policies to four, 10, or 20, depending on the scenario), the explainability of the bundles is critical to the finding's ability to be used in a policymaking context. Future work should leverage legal analysts and data visualization tools to best understand these trade offs. While the model with 20 bundles was the most predictive, it also suffered from potential over-fitting and explainability challenges. Selection of the "right" number of clusters should be considered in future research.
Finally, the quality of data available using publicly available national datasets like CDC WONDER is difficult to assess. The data is drawn from medical examiner reports on cause of −500 0 500
Difference ( death, and depend extensively on the quality of that observation and reporting. Additional research into the reliability of outcome reporting for drug overdose deaths would strengthen the conclusions that can be drawn when using it as an outcome variable.
Conclusion
While drug overdose deaths have skyrocketed to epidemic levels in the U.S. (N. C. for I. P. and C. Centers for Disease Control and Prevention, 2018) and policy innovation has attempted to keep pace, the ability of policymakers to identify the core sets of policies that will treat the epidemic has been limited by the methodologies of CPA. While CPA as a practice is quite diverse and useful for some policy analysis, qualitative case studies that are difficult to generalize and quantitative studies that either lack specificity (by not considering the complexity of policy), or lack generalizability (by not including the system of policies) have only partially served those decisionmaking needs.
This study provides information for policymakers about the effectiveness of existing drug policies using a new method for treating policies as "bundles" empirically and estimating the relative effect of those policies. In a policymaking environment, we would propose that a suite of policies based on the most impactful bundles (for example, bundle nine with a heavy GSL, PDMP, NAL, MAT, and Medical Marijuana focus) would have the largest impact on addressing the current drug overdose epidemic. Evaluators and researchers can leverage this approach to control for collinearity in the policy system and provide more detailed results about the sets of policies that have the most impact.
